This paper presents the extension of the previous work on the development of short-term flood forecast model using rainfall downscaled from the global NWP outputs. The proposed downscale method has considered physically based corrections to the NWP outputs for optimization of parameters used for calibration phases using artificial neural network (ANN). Downscaled rainfall was then used as inputs to the modified super tank model for runoff forecast. Model uncertainties were quantified against forecast lead-times in order to integrate forecast results into the existing alarm levels for early flood warning. Results showed that flood forecasts based on the downscaled rainfall by ANN outperformed those using multiple linear regression methods. Though it showed larger uncertainties along with the forecast lead-times, the model can provide reliable forecasts up to 18-hour ahead. It has demonstrated an added value in flood forecasting and warning practices for river basins in Central Vietnam.
INTRODUCTION
Approaches for the reduction of damages caused by flood disasters to lives and properties are simply defined as structure and non-structure measures. Structure measures are usually implied as construction of reservoirs, dams, dykes and so on that have demonstrated its capabilities to reduce the impact of floods. The implementation of these structures required huge investments and engineering technologies; however, not all floods have been entirely prevented given the change in flood intensification 1) . An operational flood warning system has been considered as one of the most effective non-structure measures for flood damage reduction. This aims to provide accurate and timely information of imminent floods to people at risk, as well as flood control institutions for proper implementation of preparedness and mitigation plans 2) . The benefit of increase in warning lead-time and experiences in response to the previous warnings practices has significantly reduced loss of lives and damages to properties 3) . The flood forecast is apparently one of the most important components in an integration process of a flood warning system. It determines the success of the whole system. Any warning system always requires accurate forecasts with greater lead-time. On the contrary, misses or false alarms to the public will result in either severely damages or the deterioration of the warning system.
Flood forecasts based on real-time observation of precipitation and other hydrologic parameters provide lead-times that depend on lag times between precipitation falling upstream and the peak flood observed downstream. Thus, the warning lead-times vary within basin scales, considerably short for small steep catchments, from few minutes to a couple of hours. Recently, many studies have employed numerical weather prediction (NWP) for the extension of flood forecast lead-time. Because it just depends on the lead-time of precipitation prediction that varies from few hours to a couple of days for a short-range forecast and up to 10 days or more for a medium-range forecast. These studies used either very short-range deterministic NWP models (usually high resolution models) such as Mesoscale Model 4) , limited area models 5) , or medium-range ensemble prediction system 1), 2) . The high resolution models driven flood prediction have demonstrated very high forecast skills; however, these high resolution models are restricted either at relatively short-term forecast or regionally bounded. Though the ensemble prediction system has demonstrated an added value for medium-term probabilistic flood forecasts in many European countries, more case studies are needed 6) . In addition, the spread of probabilistic flood forecast might be difficult to be properly interpreted for specific mitigation measures 2) . This paper, as an extension of the previous work on the development of short-term flood forecast model for river basins in Central Vietnam 7) , presents the further development of the statistical downscaling model using an extended historical data for the model calibration. The downscaling model has considered physically based corrections to the global NWP outputs for the optimization of parameters forced in an artificial neural network for calibration phases. Downscaled precipitation was then used as inputs to the super tank model, which was further improved for the inclusion of groundwater in the generation of river flow, for flood prediction. Model uncertainties were assessed against forecast lead-times in order to integrate the flood forecast into the existing flood alarming levels for early flood warning at river basins in Central Vietnam where floods are considered the most dangerous calamity to human lives. The study results are expected to enhance the existing flood forecasting technologies and warning practices. It is also considered valuable for developing countries where ground weather observation is scarce and access to high resolution NWP models is limited.
STUDY AREA AND METHODOLOGY (1) Study area
The Central Vietnam, located to the east of the Indochina Peninsula, is often hit by Pacific Ocean tropical storms associated with intense rainfall that usually causes large scale flooding in wet seasons, from September to December, almost every year. These storms are typically widespread orographic rainfall that generated on the windward of the Annam Range, known as the border between Vietnam and Laos (Fig.1) . These orographic rainfalls were basically formulated through collaboration of the cold surges from northern continents and the tropical depressions from the Pacific Ocean 8) . Given the topographical features, rivers in this region are generally very short and steep; therefore, catchment response is rapid, leaving a very short lead-time for people at risk to implement flood mitigation measures.
The basin selected in this study is the upper reach of Thu Bon River, as seen in Fig.1 , with the catchment area of 3,150 km 2 , approximate four times larger than the size of the study basin in the previous paper, aims to reduce not only the effect of basin scale on runoff generation, but also the effect of the coarse spatial resolution of the global NWP outputs of about 2,500km 2 grid cells.
(2) Meteorological data
This study used short-range deterministic global NWP model, operational at Japan Meteorological Agency, with spatial resolution of 0.5 O and 60 vertical layers. It is currently considered the most advanced NWP model that produces forecasts up to 84-hour lead-time, issued 4 times per day, at 00, 06, 12, and 18UTC. Precipitation on the surface and other variables are predicted for every 6-hour interval, 00-6, 6-12, 12-18, and 18-24UTC.
The previous study just used the historical data of the wet season, 2008, for calibration phases. This study added those from 2009 for the extension of the historical data. Inverse distance weighting method was used to interpolate precipitation and related atmospheric parameters either from a point representation (rain-gage) or grid-point-value representation (NWP) to area-average basis.
(3) Downscaling large scale precipitation a) Model output statistic
Model output statistic (MOS) has been well known for a long history as a statistical downscaling tool for operational weather forecast 9) . In the previous paper, the multiple linear regression (MLR) method was employed for calibration processes 7) . However, in terms of learning skills, non-linear statistical approaches tend to outperform other multiple regression methods 10) . Accordingly, the present study utilized the most simple and widely used artificial neural network architecture, the feed-forward multilayer perceptron, hereinafter simply referred as ANN, for the calibration process.
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The ANN configuration, in general, comprises an input layer, a single hidden layer which has been mostly used, and an output layer. The ANN presents complex relationships between predictors (input layer) and predictants (output layer) through a synapse system (hidden layer) connecting predictors with predictants, or so-called required outputs. Network training used the error back-propagation weight update rule to adjust the weights so that the difference between the network outputs (predictants) and the expected outputs is minimized. Detail description of the network configuration and learning methods were presented in 11) .
b) Optimization of parameters
With respect to data handling of the statistical downscaling method, the determination of potential predictors is very important. This process not only considers those variables that have strong influence on the output in order to avoid over fitting, but also to overcome the shortage of historical record used for calibration processes. It has been clearly addressed in the previous paper 7) just parameters which are driving factors for the orographic rainfall evolution on the windward side of the Annam Range, of about 1,500m height that is approximately equal to geo-potential height of the 850hPa pressure layer, were selected in the calibration processes. The potential predictors are wind field velocities and changes in vertical pressure at the layers of 700hPa and 850hPa and the rainfall prediction on the surface. Additional predictors screening was employed to finalize a good set of predictors based on stepwise multiple linear regression.
(4) Hydrological model
In hydrological modeling, the tank model 12) has been very well-known as its simplicity and a wide range of application in rainfall runoff analysis. However, as a conceptual model the tank model has many parameters that require for calibration.
The super tank model used in this study apparently tends to overcome this issue. It is also based on the original tank, attributes with some physically based features 4) and nearly calibration-free parameters, because the model parameters have been internally calibrated using geo-topographical and land-surface information. In addition, the super tank model is semi-distributed, it is assumed to outperform lumped hydrologic models in terms of spatial variation consideration. As a result, the super tank model has successfully demonstrated its robustness and universality in rainfall runoff modeling, across a wide range of spatial and temporal scales, especially the scarce observation basins. Detail descriptions of the super tank model were presented in the previous paper 7) . However, the super tank model merely includes the interflows from 3 tanks that represent the uppermost soil layers in the generation of river flow, while the contribution of ground water that controls the base-flow is omitted. The omission of the ground water is interpreted as the rapid saturation of the top soil layers because of heavy rainfall that throughfall mostly turns into direct runoff. In the context of this study given the limitation of hydro-geological information, an additional lump tank that represents the contribution of groundwater was proposed for the complete process of flow generation in channels.
The evaluation of runoff model performance is based on two criteria, Nash Sutcliffe Index (NSI), or so-called coefficient of model efficiency; and the relative error of predicted runoff (η) 7) .
RESULTS AND DISCUSSION (1) Runoff simulation
Given the lack of hydro-geological information of the groundwater tank, calibration for lump parameters, the gradient and initial storage of the groundwater tank, applied for all grid cells were required. The calibration process conducted here simply based on trial and error approaches using historical rainfall and flow data of the wet seasons, 2008 and 2009. The best values for the groundwater tank gradient and initial storage were found of 5.0E-2 and one fourth of the tank depth (approximate 10m) respectively. Simulation results showed that the simulated hydrograph agreed very well with the observed hydrograph (Fig.2) . A very high coefficient of model efficiency (NSI= 0.84) was attained for the overall model performance.
(2) Downscaled precipitation
As a result of the predictors screening processes, optimal large scale predictors derived from the model outputs for the input layer of the ANN were 
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also similar to ones used in MLR 7) , including the prediction of pressure vertical velocities at the layers 700hPa and 850hPa and quantitative precipitation forecast for the surface layer. The output layer was the downscaled precipitation.
In the previous paper 7) , calibration processes were separated for single and continuous storm events occurred in the wet season, 2008. This might result in some hesitation how to determine whether single storm event or continuous storm events are likely to happen. Thus, in the context of this paper, historical data of 12 storm events (both single and continuous) occurred in wet seasons, 2008 and 2009, was selected for the unified data set. It was then divided into training and validation sets, which a majority of studies used.
Results showed that a significant forecast performance was observed for the downscaled precipitation by ANN. The learning ability was much better than those using the MLR method. Correlation coefficient for the area-average rainfall increased about 12%; meanwhile, skill score of 0.79 was obtained for downscaling results using ANN. It was clearly observed in Fig.3 the downscaled precipitation by ANN (circles) shows closer agreements with the perfect line (solid line).
However, discrepancies were found mostly at the early period of the storm event. This is simply defined as a result of the errors either in the specification of the initial model state or in the model formulation. In which biases induced by the initial model state tend to be a major source due to small errors in initial conditions of the model are likely to increase the model total biases significantly 13) . Because these initial conditions are mainly based on a very coarse spatiotemporal resolution of the existing weather observation networks, especially over large bodies of water such as the Pacific Ocean.
Strategies to reduce the errors in initial conditions have been well-known as an ensemble prediction system that carries out multiple forecasts created by various model systems and potential . Perhaps the simplest way to improve this situation is to update the forecast regularly.
(3) Flood forecast
The downscaled precipitation using either MLR method or ANN was then used as inputs to the super tank model for runoff prediction. The predicted runoffs were compared to those obtained from actual observation, reproduction and prediction using information from rain-gages and DMO respectively. Given the better learning ability, the flood forecast (24-hour lead-time) based on downscaled precipitation by ANN outperformed others (DMO and MLR method), as seen in Fig.4 it was comparable to the reproduction of runoff using rain-gages (Q_rep). Statistical comparison of model efficiency and relative error of the peak discharges are shown in Table 1 .
(4) Model validation
To evaluate the performance of ANN models, the data set should be ideally divided into three sub-sets respectively for learning phase, testing phase and validating phase 10) . In fact, regarding the limitation of historical data availability, only the learning phase and validating phase were conducted. In present study, the storm event on November 1 st -7 th (the last storm in the wet season, 2009) was selected for the model validation. As seen in the Fig.5 , the model validation demonstrates a considerable improvement of flood forecast performance using ANN driven precipitation forecast though underestimates of the peak discharges were observed. Coefficient of model efficiency increased from 0.34 (using DMO) to 0.77. However, the comparison of total volume showed a better estimation to the actual observed volume, approximate 25% lower. In this case, a good estimation in volume of imminent floods will be very useful information for the implementation of flood control measures, for instance, through a proper reservoir operation system. Details of model statistics are shown in Table 2 .
(5) Model uncertainty
Overall uncertainties of a flood prediction model are subject to the errors of the runoff model and the errors in rainfall prediction. Recent studies demonstrated that the major source of model uncertainties is mostly induced by the NWP due to its intrinsic errors 4) . The forecast uncertainties are likely to be larger along with the forecast lead-time. As a result, it is necessary to evaluate the model uncertainties against forecast lead-times for specific flood mitigation purposes. In the context of this study, forecasting for flood warning is targeted. It means timely and accurate predictions of imminent floods, especially peak discharges, are required. In addition, good estimations of total volume in early stages are useful for reservoir operation. Therefore, the relative errors of the peak discharges and total runoff volume for the validated event with various forecast lead-times were assessed. Though the NWP model currently produces forecasts up to 84-hour; however, the assessment of model uncertainty was just focused on a short-term forecast, up to 48-hour. Results showed that an increasing trend of model uncertainties was observed towards greater forecast lead-times (Fig.6 ). However, high forecast skills were found for 6-18 hours lead-time.
(6) Early flood warning
In general, the warning of incoming floods in early stages helps to raise the awareness of people at risk, so that effective mitigation measures can be implemented for flood damage reduction. The imminent floods might be soon detected by using NWP models. However, due to the fact that the greater forecast lead-times, the larger uncertainties are expected. Thus, the dissemination of the warnings, such as requirement for evacuation, to the public should be decided carefully. Evacuation in early stages is likely to reduce the number of fatalities and damages to property, but high uncertainties are anticipated. On the other hand, the severe damages to property and loss of lives may happen for the evacuation in later stages. It was reported that decisions for evacuation were usually made between 3 to 6 hours before the occurrence of flood disasters in developed countries. Meanwhile, it is probably in earlier stages for developing countries which have very limited access to proper logistic availability and evacuation routes.
In the present study, the flood forecast is integrated into the existing flood alarming levels which have been installed in most river basins in order to develop an early flood warning system for Central Vietnam. The existing flood alarming levels are based on thresholds of river stages designated for specific river reaches, for instance, the alarm level I (A.L-I) implies the potential flood condition; the alarm level II & III (A.L-II & A.L-III) shows the dangerous and very dangerous flood conditions respectively. In this study, the alarm level III is equivalent to the river stage of 1,300cm (Fig.7) , at the outlet of the study basin. In this case all flood plains, including low-lying cities and towns, are inundated. River banks are at very high risk of breaching. If the water level keeps rising above this alarm level, it indicates an emergency condition; a widespread severe inundation is expected. Generally, flood mitigation measures are not well functioning. Evacuation is required; infrastructure system and properties are severely damaged.
Since the model ability to detect potential floods in very early stages as well as to provide reliable forecasts of flood runoffs or river stages (converted using the rating curve) in the range of 6-18 hours lead-time, it enables people at risk and related flood control institutions not only to be active in preparedness plans in early stages, but also to be able to disseminate evacuation requirement to the public if it is needed. As illustrated in Fig.7 , the model demonstrated a good agreement between forecasted and observed river stages. Based on historical inundation maps, potential inundated areas will be quantitatively predicted.
CONCLUSION
Further development of the short-term flood forecast model was presented and examined for early flood warning at river basins in Central Vietnam. Key findings are summarized as following: (1) We have proposed the statistical downscaling model with consideration of physically based corrections to the NWP outputs for precipitation prediction, then was coupled with the modified super tank model for food runoff forecast. (2) We also assessed forecast uncertainties against lead-times for the validated event. Though an increasing trend of uncertainty was observed as lead-time increased, the model can produce reliable forecast up to 18-hour lead-time. ( 3) The flood forecast was successfully integrated in the existing flood alarm levels for early flood warning at river basins in Central Vietnam.
(4) The proposed model has exhibited very encouraging results, simple to implement and universal application. In the future study, it is planned to compare/incorporate the proposed downscaling model with other dynamical downscaling models which have been just initiated by the national weather forecast service.
